Abstract. Statistical Process Control (SPC) Charts are one of several tools used in Quality Control. Other tools include flow charts, histograms, cause-andeffect diagrams, check sheets, Pareto diagrams, graphs, and scatter diagrams. A control chart is simply a graph which indicates process variation over time. The purpose of drawing a control chart is to detect any changes in the process, signalled by abnormal points or patterns on the graph. The Special Projects Office of the Center for Supportability and Technology Insertion (CSTI) has developed a hybrid machine-learning and expertsystem software tool which automates the process of constructing and interpreting control charts.
INTRODUCTION
The Air Force Logistics Command (AFLC) has provided TOM and Quality Control training to its employees for several years now. In particular, Statistical Process Control has been emphasized in this effort. While many data collection efforts have been undertaken within AFLC, the SPC Quality Control tool has been under-utilized due to the lack of experienced personnel able to identify and interpret patterns within the control charts.
CSTl has developed a software tool which draws control charts, identifies various chart patterns, advises what each pattern means, and suggests possible corrective actions. The application is easily modifiable for process specific applications through simple modifications to the knowledge base portion using any word processing software.
The remainder of this paper consists of the following sections :
(1) CONTROL CHARTS (2) SOFTWARE FUNCTIONALITY (3) SOFTWARE DESIGN (4) MACHINE LEARNING (5) EXPERT SYSTEM (6) CONCLUSION Section ( 1 ) provides a more in-depth explanation of the purpose of control charts. Section (2) details the initial functional requirements for the SPC software, and section (3) outlines the design approach used to implement the system requirements. Sections (4) and (5) examine in detail the roles of machine learning
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and expert system techniques respectively. Finally, section (6) offers some basic conclusions resulting from this effort.
CONTROL CHARTS
An example of a control chart is given below in FIGURE 1. A run chart is a plot of a process measurement (e.g. bore diameter or time to process an insurance claim) on the vertical axis (y-axis) against time on the horizontal axis (x-axis). A control chart is simply a run chart with statistically determined upper (Upper Control Limit -UCL) and lower (Lower Control Limit -LCL) lines drawn on either side of the process average. These limits are calculated by running a process untouched, taking samples of the process measurement, and applying the appropriate statistical formulas (references . 
Figure 1 Sample Control Chart
The random fluctuation of points within the limits results from variation built into the process. Such random variation is natural, results from common causes within the system (e.g. design, choice of machine, preventative maintenance, etc.), and can only be affected by changing the system itself. However, points which fall outside of the control limits or which form "unnatural" patterns indicate that some of the variation within the process may be due assignable causes. Assignable causes of variation (e.g. measurement errors, unplanned events, freak occurrences, etc.) can be identified and result from occurrences that are not part of the process.
The purpose of drawing the control chart is to detect any unusual causes of variation in the process, signalled by abnorma! points or patterns on the graph. The CSTI developed software tool automatically identifies nine types of patterns which suggest the presence of assignable causes of variation in a
process. An example of one of these patterns is given in FIGURE 2. (2) SPC graphically displays the chart(s) selected in (1 1.
(3) SPC identifies 9 pattern types in the chart(s) which suggest the presence of assignable causes of variation : increasing trends, decreasing trends, shifts up, shifts down, cycles, runs, stratification, freak patterns, and freak points.
(4) SPC graphically displays and highlights each chart pattern identified in (3).
(5) SPC displays text in a hypertext fashion which provides generic advice on the meaning of each chart pattern identified in (3).
SOFTWARE DESIGN
The basic approach to developing SPC was to integrate machine learning, expert systems, hypertext, and conventional programming techniques. The machine learning portion of SPC was developed using the Abductory Induction Mechanism (AIM) by AbTECH Inc. The expert system portion of SPC was developed using an embedded application of the forward chaining expert system tool CLIPS along with a generic end-user interface also developed by CSTI. The hypertext portion of SPC was developed using a hypertext authoring and display tool called
HYPlFRSHOW developed by the Special Projects
Office of CSTI. Turbo C + + was used as the conventional language into which the machine learning, expert system, and hypertext applications were embedded.
The task for the machine learning portion of SPC is to classify every sub-sequence of the control chart according to the presence or absence of five specific chart patterns : increasing trends, decreasing trends, shifts up, shifts down, and cycles. The remaining four chart patterns are identified by conventional methods.
The expert system is initially utilized to help the user select the appropriate type of control chart. This determination is based upon the type of data being collected, the number of data points, and the constancy of the sample sizes.
Another function of the expert system is to interpret the classification results of the trained AIM Network. A control chart with 4 0 data points will generate over 600 classification results; with nine types of patterns this amounts to over 5500 individual pieces of classification information. This interpretation function represents an ideal expert system application. What requires a few hundred lines of difficult-tocomprehend C code can be implemented using an expert system with only three simple rules! This classification information is then boiled down to about one to ten patterns which are reported to the final expert system application.
The final role of the expert system is to provide advice via the hypertext facility based upon the types of charts and the chart patterns present. The advice currently provided by SPC is of a generic nature. For example,
" A shift up in the R chart indicates that the process is becoming less consistent. This may be due to some sudden change in the process."
However, the knowledge base is designed to allow for quick modifications to provide process specific advice. For example, " A shift up in the R chart has historically been associated (90%) with a loose bearing in the preprocessing machine."
Conventional software is used to graphically display the control charts, utilize the AIM Networks, provide an end-user interface, and integrate the entire application.
MACHINE LEARNING Role Of Machine Learning
The .task of chart interpretation can be summarized as follows. A control chart is simply a sequence or array of floating point numbers. The art of chart interpretation is to determine whether or not subsequences similar to several standard patterns are present within the chart. These patterns include trends, shifts, and cycles.
The function of the machine learning tool is to generate code (trained AIM Networks) which can effectively classify a specific sub-sequence of a control chart (array) according to the presence or absence of several standard patterns. With this classification function generated by machine learning techniques, all sub-sequences of the control chart are exhaustively (conventionally) classified by five AIM Networks. The AIM Network classification results are asserted into the fact-list of the CLIPS expert system application.
Justification For The Use Of Machine Learning Techniques
Machine learning techniques are used to classify five types of chart patterns -increasing trends, decreasing trends, shifts up, shifts down, and cycles. We could find no references which provide an algorithm for determining whether or not a sequence of real numbers is representative of one of these patterns. In fact, most references on control charts define these patterns by example! The most mathematica! approaches to this problem are found in references [1,21 on time series analysis and forecasting. Despite being mathematical in nature, these references still do not describe a deterministic decision procedure. Rather, they provide mathematical heuristics. A sampling of these rules-of-thumb for a times series of length N are given below :
(1) The number of increasing steps in an increasing trend may be significantly larger than (2) The number of discordances in a decreasing trend is usually larger than the expected number of discordances in a random sequence which is (3) The autocorrelation coefficient sequence of a cycle is usually cyclic.
(4) The average of the first half of a shift down is always greater than the average of the second half.
Notice that most of these heuristics are in the form of rules with confidence factors. This would seem to suggest the possibility of using a production system for the classification procedure.
However, it is almost always the case that the pattern-type (the attribute for which we wish to determine a value) is on the left-hand side of the rule. This is very similar to some medical diagnosis problems whose domain knowledge is in the form "Disorder A usually causes symptoms 9, 3, & 4 and may cause symptom 2." In cases such as these, the best knowledge-based approach is to use some form of a Hypothesize-and-Test (HT) model. Although the HT approach appears to model the domain very well, we did not pursue this option since we do not have access to a HT development tool which can be easily embedded into other applications.
Attempting to implement such applications using a rule-based system with confidence factors ultimately boils down to an iterative process of re-adjusting confidence factors and re-testing the rule base on a set of examples. This iterative process, however, is quite analogous to the process of training a neural network or a machine learning tool on a set of examples. Given this analysis and the fact that most references on control charts define these patterns by example, we elected to implement a portion of the classification process using a machine learning tool.
Representation Of Control Chart Subsequence
The function of the machine learning tool is to classify a specific sub-sequence of a control chart according to the presence or absence of several standard patterns. A key question relating to the use of machine learning tools, is how do we represent an arbitrary length sub-sequence of an arbitrary length sequence of numbers as a fixed length vector of real numbers.
The approach is to represent a subsequence of a control chart as a fixed length vector of statistical features. 
Training And Test Sets For Machine Learning Tool
Over 70,000 sample chart sub-sequences were generated to train and test the AIM Networks. Most of these sub-sequences were generated by adding random noise of various magnitudes to existing control charts with existing patterns. Each chart subsequence generated a traininghest vector of dimension 25 -20 real-valued Network inputs (statistical features) and 5 bi-polar (-1 or 1) outputs.
One AIM Network was trained for each of the 5 outputs. Each AIM Network required from two to six hours to train on a 386 machine with math coprocessor.
Machine Learning Test Results
The results of the AIM Networks applied to control chart patterns not present in the training sets were quite good. The increasing trend network classified the test data %97.5 correctly, the decreasing trend network %97.3, the shift up network %98.8, the shift down network %98.8, and the cyclic network %92.0. Most (99%) of the errors in the cyclic network occurred in the short saw-toothed patterns with added noise. If the saw-toothed pattern is deemed by experts/customers to be very important, a separate network could be developed for the sawtoothed pattern. This would increase the overall cyclic percent correct to about 96% and provide a better recognition rate for noisy, short saw-toothed patterns.
EXPERT SYSTEM Role Of Expert System
The role of the expert system in SPC is three-fold.
One knowledge base helps the user select the type of control chart to be used, another interprets the AIM Networks' classification results, and the third knowledge base provides expert advice on the meaning of any identified patterns.
Selecting Appropriate Control Chart Type
The knowledge base for this portion of the expert system application in SPC is given below in TABLE 1.
In short, the type of control chart is selected based upon (1) the number of data points, (2) the logical group size, (3) whether the data is attribute data or measurement data, (4) whether the logical group size is constant or variable, and (5) whether the (attribute) data is measuring defectives or defects. (1) The first rule eliminates from consideration any pattern whose AIM Network score is below a certain threshold. The sensitivity of the pattern recognition can be adjusted by altering these thresholds in the deffacts statement.
(2) The second rule eliminates from consideration any pattern which is contained entirely within another existing pattern of the same type. It is assumed that the first rule has previously been applied. For example, the fact (X inc-trend 8 14 0.961) would be retracted due to the presence of the fact iX inc-trend 6 16 1.0).
(3)
The third rule eliminates from consideration any pattern which overlaps another existing pattern of the same type but with a higher AIM Network score. It is assumed that the first t w o rules have previously been applied. For example, this rule would retract the fact (X inc-trend 8 14 0.9611 due to the presence of the fact (X inc-trend 7 13 0.9971.
Expert Advice On Meaning Of Chart Patterns
The majority of the expert system interaction that the user will see involves explanations and advice regarding any patterns that the AIM Networks have identified as indicators of assignable causes of variation. A t the most basic level, this expert knowledge simply consists of triples of the form < chart-type, pattern-type, advice-text > . The current CSTl SPC software consists of knowledge a t this level of complexity only. The rule-base representation was selected to allow for the most flexible knowledge representation scheme. A sample of the CLIPS implementation of such knowledge is illustrated in (2) RMS-SD -This is the root-mean-squared difference between X[1 ..NI and an "ideal" shift-down pattern. (10) DISCORD -This is the number of discordances P in XI1 ..NI divided by the maximum possible number N(N-1)/2 of discordances. This is defined in reference 1 2 ,~~ 21-231. 
